Embedding prior phonetic knowledge in a text-to-speechsystem using data driven methods.Technical ReportAndrew D. Cohen,Department of Cybernetics,University of Reading.October 17, 1996Abstract............................................................................................................................... 1⁄1. Introduction.................................................................................................................... 1⁄2. Mapping Graphemes onto Phonemes................................................................................... 2⁄2.1 Data set and pronunciation dictionary..................................................................... 4⁄2.2 Encoding of inputs and outputs............................................................................. 4⁄3. Methods of encoding phonological knowledge....................................................................... 6⁄3.1 Interpretation of output at phoneme stage................................................................ 8⁄4. Bias, Variance and Model Selection..................................................................................... 8⁄4.1 Generalization and Error Measure.......................................................................... 10⁄4.2 Combining Multiple Networks............................................................................. 12⁄5. System Architecture......................................................................................................... 14⁄5.1 Corrector Networks............................................................................................. 15⁄5.2 The Knowledge Transfer Problem.......................................................................... 16⁄5.3 Training the AA circuit....................................................................................... 17⁄5.4 Training with noise........................................................................................... 18⁄6. How many cycles through the corrector network?................................................................... 19⁄7. Training procedure and results............................................................................................. 22⁄7.1 Results on the individual networks........................................................................ 23⁄7.2 Results with multiple networks............................................................................ 26⁄8. Acknowledgements........................................................................................................... 30⁄9. References...................................................................................................................... 30

Prior phonetic knowledge in a text-to-speech system. October 17, 19961 AbstractResearch described here explores ways of incorporating prior knowledge about a phonetic problem (heretext-to-speech synthesis) into data-driven systems (here feed-forward neural networks), which operate ina �black box� manner opaque to interpretation, and which start from a tabula rasa and the data set alone.As many authors in the neural network field have noted, it is better to focus on issues such asrepresentations and prior knowledge rather than the learning dynamics, since there are no generalpurpose learning algorithms which are good for an arbitrary prior (Wolpert and Macready, 1995) (see ⁄3for discussion of the term �prior�). Hence, there is a need to introduce domain specific knowledge (herephonetic/phonological knowledge) in modules that can influence the development of other modules, ormodify their output. Phonetic knowledge has been introduced using active means: knowledge transferfrom one network to another, and static means: learning a representation for target patterns and using anerror-correcting network. Two learning procedures (using delayed feedback from the output units andtraining an encoder network with noise) have been applied to correct a main network that derivesphonemes (and eventually speech) from text. Both these procedures include a period of pre-training onoutput patterns only, before the mapping from inputs to outputs is learned. The output representationsare based on a phonetic notation Dphon, which itself is derived by a self-organising process. Insuccessive stages text is mapped onto phonemes, then diphones, using two phonetic spaces Dphon andDdip that have been learned by Self-Organizing Maps (SOMs; Kohonen, 1989;1990). Results showthat the pre-training and output representations used allow a standard 3-layer backpropagation networkto improve its overall performance, and to reduce consonant for vowel and vowel for consonantsubstitution errors. Results are also presented for a set of 10 multiple networks trained on differentpartitions of a 20,000 word data set, whose outputs are combined by simple averaging and weightedaveraging. The latter results show that the learned output representations give a useful performanceimprovement with averaging, though not with majority voting, suggesting that error correction for thistask is better applied at a co-ordinate level (in the Dphon space) than at the phoneme (class) level.Various error correcting procedures are investigated in the context of multiple networks1. IntroductionThe text-to-phoneme problem has been tackled using a variety of schemes from the neural network andmachine learning communities (Sejnowski and Rosenberg, 1987 (S&R); van den Bosch, 1993;Dietterich et al, 1995). Generally speaking the data-driven approaches have not attempted to make useof linguistic knowledge, by which is usually meant morphological and phonotactic structure specific toa given language. However, there are other, non-symbolic ways of introducing phonetic structure usingdata-driven methods. For example, by using a continuous, ordered phonetic space to generate targetvalues for phonemes or diphones a phonetic distance measure can be introduced (Cohen, 1995), herereferred to as Dphon and Ddip respectively. Clearly human beings who learn to convert text to speech

Prior phonetic knowledge in a text-to-speech system. October 17, 19962have prior knowledge of the sound system of their language (e.g. not all phonetic strings are possible),as they are speakers of a particular language before they learn to read it. The architecture presented hereincorporates built in phonetic structure through a Self-Organizing Map (SOM), which also introduces atransparent phonetic level of operation, and an Auto-Associative (AA) network which develops attractorbasins to improve robustness on large data sets. Results are given for training using the SOMnotation with and without the AA circuit, and with a randomized set of target coordinates as a control.Results with multiple networks trained on different data show that use of the Dphon space is beneficialwhen the networks are combined with averaging, but not with majority voting. However, this workdoes not fall within the machine learning tradition because it attempts to incorporate knowledge fromoutside the data set.The motivation for the work described here is to build a phonological knowledge base using the Dphonnotation, which is learned prior to the main grapheme-phoneme task being learnt, and which is thenbuilt on by additional modules. The latter has been carried out with corrector networks (⁄5.1), arudimentary form of knowledge transfer (⁄5.2) and through an ambiguity measure derived from multiplenetworks (⁄5.2). This system has been built to test the viability of the architecture and trainingmethodology, and is not yet competitive with rule-based systems such as DECtalk or with diphonesystems containing more than 1200 diphones. Some introductory material on bias-variance, neuralnetworks and combining multiple networks is included, but no derivations are given for the formulasused. The latter can be found in the sources cited.2. Mapping Graphemes onto PhonemesLearning a grapheme-phoneme mapping has typically been viewed as a multi-class classificationproblem, probably because each phoneme (class of sounds) has been viewed as a discrete entity. TheBoolean nature of most phonetic features (and the use of phonemes themselves) leads very naturally tothe task being viewed as learning a very complex discrete mapping between sets of binary strings.S&R introduced a distributed output encoding consisting of a string of binary phonetic features. Theactual output was the closest of the 324 valid binary strings, determined using the angle between thetwo vectors. In this way the nature of the discrete mapping onto a limited set of classes is maintained,although the output space would contain 226 strings if all the unpermitted combinations of phoneticfeatures were allowed. One well-understood way to generate this kind of distributed encoding is througherror-correcting codes, which have long been used in the machine-learning literature. The use of thesecodes requires considerable insight into the problem at hand - for example the process of achieving agood separation in Hamming space of each codeword for a specific problem has by no means beenautomated, and hand-correction may be necessary. As noted in Dietterich and Bakiri (1991) performancemay improve as the length of the code increases, but the transparency of the results is correspondinglydiminished. A detailed comparison between ID3 and Backprop has been made in Dietterich et al, (1990),and with error-correcting codes in Dietterich and Bakiri (1995). However, these codes are best suited to

Prior phonetic knowledge in a text-to-speech system. October 17, 19963multi-class classification problems, and cannot be used when generalization (in the sense of functionapproximation) is sought, requiring that outputs not in the training set be acceptable as correctanswers. The latter requires interpolation, something tree-based classifiers (such as ID3) are not capableof. In NETtalk the output was the nearest correct (i.e. phonetically permitted) pattern, where thedistance measure was either Euclidean or based on the angle between the vectors (both gave similarresults). If a suitable metric space can be learned from features known to be significant in the domain,then many of these difficulties can be avoided, and the metric may be adapted to the task. In this studythe Kohonen map has been used to introduce a phonetic distance measure based on prior knowledge of aminimal set of features which can distinguish the phonemes.Additionally, if the two domains (text and phonemes) are viewed as essentially symbolic, a questionarises as to whether a sub-symbolic, data-driven procedure is appropriate for this task. An alternative isto view the phonetic domain (the output) as a continuous phoneme space, in which points lyingbetween phonemes represent intermediate sounds (though not impossible combinations of binaryphonetic features). In this way the task, and the view of what counts as successful generalization, canbe recast in terms of function approximation, where interpolation may generate entirely new allowableoutputs not seen in the original training set. Prior knowledge of likely or ’good’ outputs is incorporatedin SOMtalk through techniques such as attractor basins and use of a phonetic metric (Dphon ) in theoutput pattern space which build structure into the network, rather than pruning or massaging of thedata set.It is not intended to out-perform state of the art rule-based systems for converting text to speech, butrather to demonstrate the viability of a method (building on existing knowledge -here a trained network)in a phonological task. It is hypothesized that success in this task, as well as in the more generalproblem of modelling variability, is a matter of using good representations rather than complexcomputations. The methodology deployed here does not rely on knowing a good representation for atask in advance, but on learning in one or more modules which then transfer their capabilities to othermodules in the system, or which improve the performance of the latter in some way. Future work willextend the method (using pre-structuring and pre-training) to work directly with the spectral parametersof the diphones themselves in the form of log area ratios of the acoustic tube representation.2.1 Data set and pronunciation dictionaryThe data set is based on Sejnowski and Rosenberg�s (1987) set of nearly 20,000 words, converted to aSouthern British English pronunciation using the Oxford CUVOALD, a machine-readable dictionary.The S&R database has the useful property of being aligned so that the number of symbols in the inputand target are equal, with silent letters mapped onto the null phoneme. This alignment of symbols hasbeen taken over, although the CUVOALD notation contains many two-letter symbols, and so has beenconverted into a notation which uses only one letter symbols (See appendix 1). The system may then

Prior phonetic knowledge in a text-to-speech system. October 17, 19964be used to drive a diphone concatenation system for British English. In some ways the text-to-phonetics task is more difficult for British English due to the greater number of irregular spellings, andthe fact that the schwa (neutral vowel) seems to be less common.The adapted CUVOALD notation is then converted to one derived from a phoneme set created by theauthor, based on a set of 10 pseudo-articulatory features which gave 35 phoneme symbols. Thesefeatures themselves are not used, except indirectly through the phonotopic SOM derived from them.Actual target values are generated from the co-ordinates of a 12x8 SOM. The stress information isdiscarded as the diphones were segmented from nonsense words and as far as possible have a neutralstress. Simplifying the problem in this way also allows successful convergence with many fewerhidden units than used in previous studies (Dietterich et al 1990, S&R (1987)) -convergence can beachieved with as few as 40 hidden units on a training set of 4000 words. The training sets are takenfrom the S&R database, not from continuous text, so the stress markings would in any case be subjectto modification by prosodic factors. Prosody, specifically the specification of an intonation contour, isconsidered to be a separate matter best handled with symbolic representations.2.2 Encoding of inputs and outputs A moving window of 10 input letters is used, giving 220 inputs to the network using 22 bits toencode a letter. In NETtalk 26 bits per letter were used in a 1-in-n encoding scheme, which is heremodified by using 21 bits + 1 bit for the five vowels a, e, i, o, u, giving 22 bits per letter, and hence220 inputs for a 10 letter input vector. For each vowel the vowel bit is set, plus one other; for eachconsonant 1 bit is set in a 1-in-n scheme. A space is encoded as all zeros. In the ’letter space’ thuscreated vowels and consonants are separately clustered and within these two clusters each point is at anequal hamming distance. A "pre-training" training set of 4000 words gave 26560 patterns, the full19,988 word training set gave 166160 patterns, though obviously only half as many would be obtainedwith a window shifted by two letters/phonemic symbols per step.The choice of output encoding is of particular importance. Output is the two phonemes for the centraltwo letters of the window. The output generates two sets of co-ordinates on a 12 x 8 phoneme SOM,hence 20 units for each (x, y) co-ordinate pair in a 1-in-n encoding scheme gave 40 units in the outputlayer (see appendix 2 for the full list of co-ordinates). Various schemes have been tried for encodingcoordinates, including an "equilateral" scheme to eliminate the large number of zeros that typicallyoccur in 1-in-n encoding schemes, but little or no improvement in speed of learning or test setperformance was obtained.The pattern set is generated by taking each word and its phonemic transcription, and advancing themthrough the 8 character input window and 1 character at a time so, for example, the word

Prior phonetic knowledge in a text-to-speech system. October 17, 19965�government� (phonetic transcription ’gVv@nm@nt� in my notation, �Xg gu uv vuh uhnnX Xm muh uhn nX Xt tX� in diphones) would produce 9 patterns as follows:Input WindowOutput WindowCo-ordinates in phoneme space------------------------------------------ ->| |<-.... go vern-> gV(6,8) (4,1) ...g ov ernm->Vv(4,1) (11,1)..go ve rnme->v-(11,1) (2,2).gov er nmen->-uh(2,2) (1,3)gove rn ment->uhn(1,3) (7,1)over nm ent.->nm(7,1) (8,8)vern me nt..->muh(8,8) (1,3)ernm en t...->uhn(1,3) (7,6)rnme nt ....->nt(7,6) (5,4)The symbol �-� represents the null phonetic character, used for letters which do not map directly to asound, following the alignment method of S&R.S&R pioneered the use of a distributed representation for the outputs, which are well known to havemany useful properties in neural network training. Their representation used a 26-bit code based on 21articulatory phonetic features (position of tongue, whether fricative, nasal, liquid, glide and so on) and afurther 5 bits were used to encode stress information. In this way similar phonemes have similar targetvectors, but there is no attempt to regulate exact distances between phonemes (e.g. the Hammingdistance is meaningless in their encoding, as is the magnitude of each vector), and the overallcomplexity of the encoding is high. Non-phonetic features such as �pause�, �full-stop� and �silent� areintroduced to deal with features which are essentially prosodic, and are really on a different level to thepurely phonetic articulatory features. This information is left out of the problem as treated here: noattempt is made to learn prosodic features such as intonation, stress and so on, which are probablybetter handled with a symbolic procedure and a specialised mark-up language on the text in question.3. Methods of encoding phonological knowledgeThe term �prior� has most often been used to refer to probability distributions (either over a set ofmodels or parameter values of a particular model) based on the principle of indifference or a subjectivelyapplied criterion, which are later to be modified in a Bayesian manner in the light of evidence. In eithercase, it is often not clear what is the precise meaning of these mathematical terms, or how they relateto the symbolic or linguistic level. The sort of reasonably sharp prior distribution required by theBayesian method is typically not available for speech data, and we do not wish to make the assumption

Prior phonetic knowledge in a text-to-speech system. October 17, 19966of a closed sample space. In the absence of a physical model of the text-phoneme conversion process,we have only the prior phonetic/phonological knowledge of the researcher. Prior knowledge in this casecomes from other data sets which are also known to be representative of the task to be learned. Ideally,we wish to learn the representations themselves, but we have to start with the data in some form (therebeing no data independent of a particular representation). Therefore, we use the idea of error correctionbut with a learned representation and distance metric, on an initial phonetic representation Dphon.The kind of phonological knowledge to be introduced exists at the diphone level in terms of likelycombinations of phonemes to occur together, and at a word level in terms of likely sequences ofdiphones. Phonetic knowledge is encoded here using SOMs and a pre-trained encoder network (the AAcircuit). The re-usability, or modularity, of this knowledge lies in the method by which the data isstored, rather than in the specific data used. Adopting this perspective leads to viewing many of theproblems in speech synthesis as problems of deriving a workable representation by a learning process,rather than attempting to specify one a priori. Once this has been done it is natural to want to applythis encoded knowledge to similar tasks, such as the acquisition of specific vocabularies for differentapplications. This might be referred to as the knowledge transfer problem, discussed in ⁄5.2 below.The initial output representation for target vectors used in these experiments is based on a 2D encodingof phonetic features by a SOM, which satisfies all the conditions of a metric space, namely:(a)d(x, y) ‡ 0; if and only if x = y, then d(x, y) = 0(b) d(x,y) = d(y, x)(c) d(x, y) + d(y, z) ‡ d(x, z)The Euclidean metric is used here to measure mean squared error in the phonetic space, ie for vectorswith n components

d(x,y) = (xi − yi )2 i=1 n∑+

Speed of computation is not an issue, since overall calculation of distances represents only a tiny partof computation in both training and on-line modes. For creation of target patterns the co-ordinates ofthis Euclidean space are represented as binary vectors in a 1-of-n encoding scheme, but the sameconditions hold. If a wrap-around kernel has been used in the creation of the SOM, it is advisable touse a Gray code to eliminate boundary effects from the coordinate space, though the practical effects ofthe wrap-around SOM have been small in the experiments run so far.Error can then be measured meaningfully in a continuous way, as well by the percentage of incorrectsymbols. Correction can be performed in the manner of S&R, as in error correcting codes, where theclosest codeword to an input vector is chosen. However, once the move to a continuos phonetic outputspace is made it is also possible to set up other systems of error correction based around an auto-

Prior phonetic knowledge in a text-to-speech system. October 17, 19967associative network (see ⁄5.1 below), which can operate at the level of output activations as well asphonemes. Correction can be performed by attractor basin in the case of single networks. Withmultiple networks additional options are available, because we can measure ambiguity (networkdisagreement) on unlabelled data.3.1 Interpretation of output at phoneme stageFinal output from the MLP stage, after passing through the AA circuit, consists of a binary stringwhich is to be interpreted as the co-ordinates of two phonemes. This string is divided in two, for onesegment per phoneme. The possibilities for each string are:1. The output string is well-formed, i.e. it is successfully converted into co-ordinates,(a) and the co-ordinates refer to a specific phoneme, or(b) the co-ordinates refer to a location not occupied by a phoneme.2. The output string is not well-formed, i.e. it contains too many or two few 1s and does not indicate aspecific location, in which case(a) it is converted to the nearest well-formed string, by Hamming distance.(b) it is considered to refer to two or more locations (if there are too many 1s), then the units with thehighest activation may determine the location, or an average of the two locations may be taken if theactivations are of similar strength.(c) it designates no location at all if there are too few locations active - total failure mapped to the null.Each case can be handled with a variety of different error-correction methods, based on the particulardistant metric selected (in the phoneme space or output activations space). In fact, case 2 was found torarely occur. Case 1a accounted for the majority of the outputs and case 1b can be handled either bychoosing the nearest phoneme (by Euclidean distance) co-ordinate which does label a phoneme, or, bychoosing the phoneme which most strongly excites the SOM at that co-ordinate. In addition furthercorrection is possible by passing candidate phonemes onto the next stage (diphones) to resolve. If, forexample, unknown phoneme x followed by /k/ is output, and x is equidistant to /m/ and /e/ but on thediphone SOM no such transition as /m//k/ exists, then the correct output can be determined to be/e//k/. Similarly with VV transitions, which tend only to exist in continuous sentences.There are many other methods of determining the final output given that two candidate phonemes areavailable for all positions except the first. Diphones not in the synthesiser set can be discarded,reducing the possible choices somewhat.

Prior phonetic knowledge in a text-to-speech system. October 17, 199684. Bias, Variance and Model SelectionAssuming the output representations and distance metric have been determined it is then possible todefine the bias and variance of a model which may fit the data. In statistical terms the precise meaning(it also has a generic meaning somewhat similar to the machine learning usage) of bias is the expectedvalue of

(T − θ)

, where T is an estimator of the parameter q. The expected value of a function of acontinuous random variable X over the range [a, b] is defined as

E[f(X)]= f(x)P(x)dx ba∫

(1)If the probabilities are all equal, then we have E(X) equal to the mean. The variance of the distributionis given by

E[(X− E(X))2 ]

. There is usually held to be a trade-off between the bias and variance of amodel (Geman et al, 1992). The latter have decomposed mean-squared error of an estimator (here a feed-forward network) on a data set D into bias and variance terms as follows: (2)

ED[f(I;D)− E[T|I])2 ]= (ED[f(I;D)]− E[T|I])2 + ED[(f(I;D)− ED[f(I;D)])2 ]

where the input I and target T are treated here as scalars for simplicity.

ED

refers to the expectationwith respect to the data set D. The regression E[T|I] is the best fit in the mean squared error sense, sothe LHS is a measure of the effectiveness of f as a predictor of T. The first term on the right hand side(bias) is a measure of how well the estimator has fit the data on the average, while the second term(variance) measures how much change there is in the estimator from sample to sample (�smoothness�of the fit). Many other decompositions are possible (particularly in classifiers, Breiman (1996)), andthis kind of breakdown has proved most fruitful, especially in the theory of multiple networks as seenbelow.In the machine learning literature bias usually designates those aspects of model structure or thealgorithm which enable any inductive learning procedure to generalize beyond its training set. Roughlyspeaking, we need to introduce bias (structure based on some prior knowledge of the particular domain)in order to compensate for having insufficient samples to populate the input space to the requireddensity. If the bias of a model is incorrect (the class of functions the estimator is drawn from does notinclude the required regression function) it will not be able to capture sufficient of the statisticalregularities in the data. Conversely, a model with greater complexity may overfit the data - hence thevariance contribution to the error is high. As has often been remarked, finding the correct bias(typically by using a specific data representation) amounts to solving the problem. In effect, truemodel-free inference is impossible because of the (infinite in the limit) number of parameters that have

Prior phonetic knowledge in a text-to-speech system. October 17, 19969to be estimated. In this case the size of the data sets needed to reduce the error due to variance becomesprohibitive.In this study early stopping via a hold-out set (of at least the size of the training set) has been used,despite its lack of a theoretical basis, for a number of reasons: (1) k-fold cross-validation, particularlyfor k equal to the data set size, is too computationally intensive for large data sets, as is Bayesianestimation. (2) There is no data shortage in this domain - including unlabelled data gives access to theentire English vocabulary. (3) Error reduction on the training set is not that important for this study,since 100% correct performance can easily be obtained on all 19997 words, at the expense of poorperformance outside this set. (4) We are principally interested in the total error reduction that can beachieved (on the unseen data) using the methods described here, and the nature of the remaining error,not in a theoretical optimum level of error on a particular data set.4.1 Generalization and Error MeasureThe error function used in experiments reported on here is the standard sum-of-squares as used inbackpropagation for a set of q input-output pairs

D ={Ikq ∈{0,1}k, Tiq ∈{0,1}i}

, where I and T arerelated to distance metrics on the input and output spaces, as discussed above. This can be formulated interms of a two-layer network as

E = 12 [Tkqqk∑ − fs( Ukj. fj∑ s( WjiIiqi∑ ))]2

(3)where Wji and Ukj are weights from input to hidden and hidden to output respectively, and fs ( ) is acontinuous differentiable function, here the logistic

1 1+esum

. Bias terms on each unit are omittedhere for conciseness.However, it is better to consider the error apart from the network dynamics because backpropagation isonly one of a number of error minimisation techniques, and to focus on external issues such asperformance on unseen data. Thus, to make clear the dependence on a particular training set of finitesize, it can be written (as derived in Bishop, 1994) relative to a set of n input vectors x andcorresponding target vectors t indexed by q in the form

E = 12n || f(xq )− tq||2 q∑

(4)Essentially there are two methods for controlling the bias and variance of a model relative to aparticular data set D: formal and structural stabilisation (Denker et al, 1987). Structural methods

Prior phonetic knowledge in a text-to-speech system. October 17, 199610typically involve curve-fitting by limiting the number of free parameters in the network, so limitingthe degree of the polynomial. Formal methods add an extra term to the error function, which penalisescomplexity in the model. Bishop (1994) has shown that training with noise is equivalent toregularization of the form:

Ẽ = E +λ Ω(f)

(5)where

Ẽ

is a modified error function consisting of the original error plus a proportion l of a penaltyterm W(f)(oftenbasedonweightdecay).Theparameterl dictates the bias-variance trade-off bycontrolling the effect of the regularizing function W(f) on the minimizing function f(x). W(f) is usuallychosen on the basis of some prior knowledge concerning the mapping to be learned. For exampleBishop (1991,1993) points out that if the mapping is known to be smooth W(y) may be chosen to belarge for functions with large curvature. It remains a problem to determine the appropriate degree ofsmoothing from the data alone. Experiments with a modified error function based on combining twonetworks are described in ⁄5.2, but using knowledge external to the data set.In fact, there is no reason not to combine a penalty term with structural methods (Williams, 1994).However, as remarked above, Bayesian methods are still nowhere near as computationally efficient asstopped training as a matter of practice. In principle, approaches which make use of noninformativepriors are unlikely to be competitive with those which have access to an informative prior. The realissue, therefore, is how to build prior knowledge (whether symbolic, or derived from statisticalanalysis) of a particular problem into a non-parametric model, preferably in an automated fashion sothat it can easily be applied to different data sets.In the case of the text-to-speech data we have no prior knowledge of the underlying functional form ofthe distribution of the data which could be directly applied to a surface-fitter such as a neural network,although a great deal of prior knowledge of this task exists at a symbolic level. Attempts to encodesome of this knowledge were described in ⁄3. In the absence of information on the underlying functionto be fitted, there is no way to determine the optimum number of weights except by experiment(although in this problem this is found to be not a critical issue, as also found by Dietterich and Bakiri(1995). Similarly, smoothing remains a basically unsolved problem, since the model complexity canalways be increased in advance of the amount of data available.4.2 Combining Multiple NetworksThe very idea of model selection implies that a best single model must be selected from a competingset. In fact, combinations of models may work better in certain problems and give the user morecontrol than a large single network. There is now a large literature: for approaches which work from thedata alone see Breiman, (1992) and references cited; another family of methods is based on �mixtures-of-

Prior phonetic knowledge in a text-to-speech system. October 17, 199611experts� (e.g. Waterhouse and Robinson, 1994) which uses some prior knowledge or heuristic todetermine architecture prior to training.We can also make use of the combined approach in determining an optimum number of passes throughthe corrector networks described in ⁄5.1. Krogh and Vedelsby (1995) have shown that the generalizationerror for multiple networks can be expressed as:

E = E − A

(6)where

E

is a weighted average of error from each network over all patterns, and

A

is a similarweighted sum of ambiguities, where the weights w are positive and sum to one. Equation (6) derivesfrom similar reasoning as the bias-variance trade-off given in (2), except that the averaging is doneover network outputs, rather than possible training sets. In the following, as above, for simplicityoutputs and targets are assumed to be scalars. The bars are used to denote weighted averages over allnetworks. The quadratic error e on a pattern x for a network n is given in the usual way by

εn(x) =[T − fn(x)]2

. For the multiple networks:

e(x) =[T − f(x)]2

(7)where

f(x) = wn fn(x) n∑

. The ambiguity, or disagreement among networks, on input x for a singlenetwork n is defined as

an(x) =[fn(x)− f(x)]2

(8) The ambiguity for multiple networks is given by

a(x) = wnan(x) = wn[(n∑

n∑ fn(x)− f(x)]2

(9)The fact that the weights w sum to one means that

a(x) = wnεn(x)− e(x) n∑

(10)Calling the weighted average of the individual errors

ε(x) = wnn∑ ε(x)− e(x)

, we then have

e(x) = ε(x)− a(x)

(11)Using capital letters to stand for averages over the input distribution we have the ensemblegeneralization error equal to:

Prior phonetic knowledge in a text-to-speech system. October 17, 199612

E = wnEn − wnAn_n∑ n∑

(12)which can be written in short form as (6) above. From (6) it is clear that

E < E

. Where there is noreason to believe more strongly in any of N individual networks (weights equal to 1/N)

E ≤ 1N Enn∑

(13)where

En = εn∫ (x)P(x)dx

. Similarly,

An = an∫ (x)P(x)dx

and

E = e∫ (x)P(x)dx

.A key point is that

A

can be estimated using unlabelled data - we do not require the target value T fora given input x. Krogh and Vedelsby use these ideas in conjunction with cross validation, using non-overlapping test sets to determine an optimum N (number of networks) and K (size of test set). Theyalso suggest using the method in an active learning scheme to determine which patterns containmaximal information about the function to be fitted. From (11) it follows that

ε(x) ≥ a(x)

(14)Therefore a pattern with a large ambiguity will always have a large average error. These ideas can alsobe used with error correcting autoassociative (AA) networks in order to determine the optimum numberof cycles (since obviously we cannot make use of the target values to do this). Each network feeds toan identical AA circuit, so that following one cycle each of the outputs will be individually corrected toa new output. Networks with similar outputs are likely to move to similar regions of activation spacefollowing the correction, but where there are significant differences these are likely to be exaggerated,unless the inputs are in the close neighbourhood of examples in the AA training set DPT (see ⁄5.2below). The network disagreement (ambiguity) provides a self-adjusting parameter for controlling theamount of correction to be applied (results are given in ⁄6 below).It can be seen that the combination of multiple models will be most useful when they disagree most.In the context of a phonetic task a pattern with a high level of ambiguity is likely to mean an irregularspelling, since the relevant contexts will not appear uniformly across each training set -in this studyeach network is trained on different data. If we assume that the networks have not overfitted their datawe may take the training errors themselves as estimates for

Eα

. This assumption is not likely to be100% correct, but some of the overfitting can be averaged out in combining networks (see e.g. Perroneand Cooper, 1992, and references therein).5. System ArchitectureIn terms of neural networks, the proposed architecture consists of a main network having one hiddenlayer, and a corrector network (referred to as an AA network because it is auto-associative), with two

Prior phonetic knowledge in a text-to-speech system. October 17, 199613further SOM stages trained separately (fig. 1). The complete system produces speech from text, but inthis report only results from the text-to-phonetic modules are given. In the MLP and corrector networksthe arrows represent fully feed-forward connections between every unit in the layers. In figures 3 and 4shaded arrows represent fully connected layers, whilst single lines represent only connections from eachunit to itself.There are two ways in which the corrector network could be trained, which might be termed (1) jointon-line learning (training alongside the main network at the same time) and (2) separate learning withnoise. In the case of (1) the AA units, initially untrained, learn to correct the output from the mainMLP. Training time is not reduced by the AA units, but robustness is increased in the operationalmode (feed-forward stages only). In the case of (2) each circuit is trained separately, the AA circuit on aspecially chosen data set based on frequently occurring words (see ⁄7) , and the main network on datarandomly drawn without replacement from the main adapted S&R database (excluding the 4000 wordtest set). Both procedures give similar results, although method (2) is less sensitive to initialparameters.<fig 1 about here>Fig 1. SOMtalk architecture5.1 Corrector NetworksIt has long been hypothesised that learning letter-to-sound rules requires the exploitation of morphemes- sequences of commonly occurring letters (e.g. Klatt, 1987). It is also clear that in any particularlanguage only certain sequences of sounds are phonologically possible. Within this set only a subsetwill actually be words of the language. With regard to phonemic structure, CV and VC transitions aremuch more common than CC or VV combinations, especially if one is only concerned with individualwords, as in these experiments, and not continuous text. Within this subset, certain CV combinationsare more common than others, and so on. Speakers have all this kind of phonological knowledge beforethey learn to read aloud. The philosophy is that a network should learn to acquire this type of structure,rather than trying to specify this type of prior knowledge in advance. The AA network has been able tolearn some of these types of dependencies, so that the �corrected� output obtained tends to have a CVCstructure, even if the transcription is not correct.Equally, aspects of the task require ’anti-generalization’: (1) for example, the letters ’ou’ can map ontovery different sounds depending on only a very slight change in context: e.g. �though� (D@U) and�thought� (TOt), and even more difficult cases can occur where the of context may be even moreremote from the vowel affected, as in the case of �photograph� (f@Ut@grAf) and �photographer�

Prior phonetic knowledge in a text-to-speech system. October 17, 199614(f@t0gr@f@R).Conversely (2) very different inputs may map onto similar outputs, e.g. �bought�,�caught�). Fig 2. illustrates situation (1), showing an idealised 2D section through activation space.<fig 2 about here>Fig 2. Section through two neighbouring attractor basins, showing behaviour near separatrix.The creation of attractor spaces can address both these issues. It has been found experimentally that, forthe output encodings used here, the auto-associative mapping for a given training set can be learnt inabout one third to one half of the epochs needed for the hetero-associative mapping (the grapheme-phoneme mapping as described in 2.1 above).It is important to note that these issues also apply outside the realm of the grapheme-phonemeconversion problem in speech synthesis generally; that is: in any rule-based system which makes useof a segmental phonetic notation (this is all current systems which have moved beyond the prototypestage). This is mainly due to the use of articulatory features to distinguish phonetic segments (inheritedfrom the Chomsky-Halle framework) which are not well-suited to handling variability beyond thecontext of the articulatory effects of the neighbouring vowel or consonant. Neither, it must be said, isthe diphone approach: however the SOMtalk framework can in principle handle these longer-rangeeffects, because a phoneme-based notation is not fundamental to its operation. Any notation based onany phonetic features, articulatory or otherwise, could be used, providing it can be represented in 2 or atmost 3D. The number of classes of sounds can be allowed to vary according to the chosen task (orvocabulary) and the number/type of concatenation units used in the output speech.Attractors have been formulated in terms of energy functions (Hopfield, 1982), in terms of multi-layersequential networks (Jordan, 1986; Elman 1990) and in the context of backpropagation through time(Werbos, 1990). The simplest way to develop a sequence recognition capability is to unfold time inspace (as in the original NET-talk, and in Time Delay Neural Networks (Waibel et al, 1989). However,the latter is only suitable for multi-class classification problems, and does not provide any sequencereproduction capability. A recurrent network is needed to create attractor basins which lead to a sequencereproduction capability. Only a limited reproduction capability is required for two purposes: (1) tocapture phonetic regularities which are not easily detectable in the orthographic representation, and (2)to provide extra robustness for frequently occurring combinations - the corrector capability, especiallyif they require �anti-generalization� as in fig. 2.5.2 The Knowledge Transfer ProblemConventional statistical techniques such as ordinal data analysis, as used by van Santen (1992), are oneway to draw out regularities from a speech database, but it is not at all clear how to incorporate these in

Prior phonetic knowledge in a text-to-speech system. October 17, 199615a neural network (or any learning) scheme. As discussed previously, some bias can be built in usingspecific representations. The problem is one of transferring knowledge at a symbolic level into anonparametric model -this might be referred to as the problem of the opacity of neural networks, ormore generally the Knowledge Transfer Problem. Within symbolic AI combining knowledge fromdifferent sources into the same system has sometimes been referred to as the knowledge foldingproblem.A possible solution to KTP is to attempt to learn and encode the prior knowledge in a separatenetwork, here termed a corrector network. This can be done by pre-training a separate circuit on somedata which represents a part of the task to be learnt, chosen on the basis of knowledge of the domain.The modularity (and hence re-usability) of the data is here assumed to exist at the level of acquisition,By using this methodology different training set can be chosen appropriate to the particular phonetictask at hand, possibly using different networks for each CnV and VCn combination, whose output canthen be combined. Experiments in this study have used two types of corrector module: (1) a separatecircuit trained with noise (equivalent to formal regularization), see ⁄5.4, and (2) a recurrent networkwhich learns alongside the main network, see ⁄5.3. Both are trained on a data set of m output patternsDPT ={

Tim ∈{0,1}i

}, and used to modify the output of a network trained on the set D (as above),where

DPT ∩ D = ∅

. DPT can be chosen to be in some typical of, or basic to the domain inquestion - in the present case it consists of words which are more common (according to the Kucera-Francis measure) than the rest of the data.The error measure for a main network MAIN and corrector network PT on n patterns can be written:

E = 12n f MAIN(xq;D)− tq 2

q∑ +α fPT (f MAIN(xq;D);DPT)− tq 2

(15)The extra error can be used during training as a �hinting� procedure to speed convergence (though this isnot a critical issue)by having a start close to unity and decline linearly. More importantly, the function

fPT

(.) may be taken as giving the final output, so that it operates as a corrector network as describedbelow. In fact, because of the large training sets used an on-line version of backprop is used, so themeasure E is not strictly minimised by steepest descent, but by a stochastic approximation thereof.In a sense, generalization is a non-issue once it becomes clear that all performance is measured relativeto a given domain and consists of interpolation within the data space covered by the set of trainingexamples. In the purely non-parametric framework extrapolation to other regions results in a highvariance with unpredictable results -unfortunately extrapolation is usually the most interesting form ofgeneralization. Once again, the only solution is to build in the important generalization -in this case byusing a specific phonetic representation.

Prior phonetic knowledge in a text-to-speech system. October 17, 1996165.3 Training the AA circuitShaded arrows indicate fully interconnected units and the single line indicates a connection from eachunit to itself. The circled 1s mean that input is taken from the previous time step. The AA unitstherefore are updated as followsAAj(t + 1) = a A A j(t ) + OUTj( t ) (16)where OUTj(t) are the output activations at time t and a is the amount of decay (a < 1). The closer agets to 1 the further back in time the weighted moving average is extended, obviously at the expense ofmore detailed recall of the immediately preceding time steps. In these experiments the average wordconsists of 8 phonemes, but in general the immediately preceding 2 or 3 phonemes are mostsignificant in forming attractor basins. Orthographic dependencies may spread back or forward further,but they are taken care of by the 10 letter input window.There is a recursive cycle in which the encoder network is fed information about its past state (i.e. fromits own outputs at one time step previously) so that attractor spaces will develop given enoughtraining. The main objective of this procedure is to increase robustness in performance and to reducesome of the load on the main network.<fig 3 about here>Fig 3. Correction performed by encoder network (on-line training)The procedure amounts to a rudimentary form of knowledge transfer between neural network modules,the latter being one of the most important problems in the neural network field and in ArtificialIntelligence generally. This problem has remained unsolved in symbolic AI, but there are number ofways of tackling it from the connectionist viewpoint because it can be treated as a problem in learning.5.4 Training with noiseFig. 4 shows how the AA units and main network may function as two separate systems. In the caseof separate training noise is added to the input values (but not the targets) on a Gaussian basis over arange of 0 to +/-0.45. The final output is calculated from the forward stages 1 and 2 of the mainnetwork, and the result then passed through the AA network.<fig 4 here>Fig 4. Encoder network decoupled from main network

Prior phonetic knowledge in a text-to-speech system. October 17, 199617One object of using this procedure is to try to make use of prior knowledge, or �hints� from the AAunits to guide the main network through the use of a combined error measure (see ⁄5.2). In addition tothe theoretical motivation for the use of prior knowledge or structure, their use was prompted byexperimental findings that (using the encodings described in ⁄2.2) the AA units, when pre-trained inisolation, could converge on a given training set some 3-4 times faster than the a MLP could learn thegrapheme-phoneme mapping for the same data set.6. How many cycles through the corrector network?With both the above types of corrector network a problem is to determine the optimum number ofcorrection cycles to produce the best output. Obviously we cannot (except for comparison purposes)make use of the actual target values (�divine guidance�), or the procedure becomes no more than anerror accounting scheme, useless for data without target values. Fig 5 shows the number of cycles usedin the optimal divine �guidance scheme� where actual error is used to determine the optimum numberof cycles, to a maximum of 10 (although in fact never more than 7 are used). The following schemeshave been tried:1. Use a fixed number n of cycles. Values from 1 to 5 have been tried, but this offers theworst performance improvement in terms of overall error, about %1-3.2. Cycle until the output is stable (no change for e.g. 3 cycles), using a maximum permitted10 cycles (as with all the methods which vary the number of cycles on a per-pattern basis). This can bedone at the level of output activation or output diphone.Problems are that it is difficult to detect cases where no cycles will help, and the �pathological� casesin which the output cycles into an illegal phoneme location and gets stuck. As a result performance isnot good with this procedure (improvements of 5-10 only).3. Cycle until the distance to the nearest legal phoneme position (for each of the two out putphonemes) is at a minimum. Fig 6 below shows the numbers of cycles used to minimise the phoneticdistance. Compared to using the MSE, more cycles are used and performance is not as good.

Prior phonetic knowledge in a text-to-speech system. October 17, 199618

5101520253035

% of total

0

1

2

3

4

5

6

7

8Num CyclesCorrection using MSE ("Divine Guidance")

% of total

% of totalFig. 5 No. of cycles using MSE for 10 networks

7 . 5 1 0 1 2 . 5 1 5 1 7 . 5 2 0

% of total

0

1

2

3

4

5

6

7

8Num CyclesCorrection by stabilisation

% of total

% of totalFig. 6 No. of cycles using phonetic distance for 10 networksIn the case of multiple networks we have additional options:4. Maximize ambiguity, regardless of error.

Prior phonetic knowledge in a text-to-speech system. October 17, 199619This involves re-calculating the ambiguity for all networks at each cycle on a particularpattern (see equation (8) above). Figure 7 shows that in this case the percentages of the 10 networks aremuch more varied, as would be expected. The individual network errors are higher than before, as weexpect patterns.5. Maximize ambiguity, while trying to hold error low through one of the above stabilisationprocedures.6. Minimize ambiguity instead of maximising.7. Apply any of procedures 1-3 on the final output, after combining the multiple networks.In practice it was found that there was little or no advantage to be gained from using the correctornetwork on the combined output. There is also no guarantee that the stabilisation procedures willactually hold error low, though it prevents the pathological cases referred to above. Used alone theyallow too many corrector cycles, which can actually increase overall error on the individual networks,although the error is always reduced when the networks are combined. We wish to produce themaximum disagreement between the networks, but not allow illegal phoneme strings (which couldhave a high ambiguity since they are not in the neighbourhood of corrector network examples) todistort the final output.

5101520253035

% of total

0

1

2

3

4

5

6

7

8No. CyclesMaximizing ambiguity

% of total

% of totalFig. 7 No. of cycles used to maximize ambiguity

Prior phonetic knowledge in a text-to-speech system. October 17, 199620

0102030405060

% of total

0

1

2

3

4

5

6

7

8No. CyclesMax amb + stab

% of total

% of totalFig. 8 No of cycles to maximize ambiguity and stabilizeResults based on minimising ambiguity in conjunction with the same set of procedures as above (seeFig. 9) produces similar results7. Training procedure and resultsInitially the methodology has been applied to the grapheme-diphone conversion problem to measure theviability of embedding prior knowledge in the way described in ⁄3. Two sets of 4000 words were drawnat random (without replacement) from the original NETtalk training set, which made up the training setand test set for each run on each architecture. In order not to optimise for a particular test set, further(non-intersecting) test set were used for network configuration tried. Apart from this, the standard cross-validation procedure was used to prevent over-fitting the training set. Only the number of hidden unitswere varied, as using two hidden layers was not found to bring any increase in performance. A third setof the 4000 most frequently used words (according to the Kucera-Francis measure supplied with theMRC dictionaries) were used to train the AA circuit. None of these words appear in the test sets.The important fact is not so much the total error (as no great effort has been made to optimise for aparticular test set) but the amount of correction offered by the AA circuit and other correction schemes.The training set error was typically about %5-10 better at the time of peak performance when training

Prior phonetic knowledge in a text-to-speech system. October 17, 199621was stopped. There was no problem achieving %100 correct on the training set by continuing to trainpast this point.⁄7.1 Results on the individual networksThe procedure for determining the output was to cycle through the AA circuit until no changes inoutput phoneme have occurred for 3 iterations. All the results given in table 1 are for the test set (dataunseen during training). A typical test set of 4000 words gave 29551 pattern pairs (10 letter inputwindow to two phoneme output window) which equalled 59102 individual phonemes to learn. Hence,e.g. a 5 percent improvement amounts to an extra 29551.1 phonemes correct in this context.In tables 1 and 2 bit correction refers to the procedure 2(a), as described in ⁄3.1. The first column givesthe number of hidden units. These results represent typical runs of about 15 -25 presentations of eachpattern, stopping when a five-point moving average of error on a cross-validation set (of size equal tothe training set) begins to rise. No substantial effort has been made to get the uncorrected error as lowas it might be, given these architectures. The error represents the percentage incorrect on the unseen testdata.No. HiddenNo CorrectionBit correctionAA circuitactiveTotal ErrorReduction

6529.4943728.8093725.095024.39868

7042.5789641.6979636.896045.68292

8038.1293237.7683232.831915.29741

12034.1812434.0402429.371834.80941

14029.4028728.8718725.962593.44028

16031.0363330.4693325.664365.37197

18036.6687036.5277030.896425.77228

140-14045.7170244.7410241.927803.78922

Table 1: Some results for single networks: Percentage of test set wrong: Typical results using structured SOMrepresentation to obtain target co-ordinates (see appendix 1).No. HiddenNo CorrectionBit correctionAA circuitactiveTotal ErrorReduction

12068.25267768.2133268.0052870.24739

Table 2: Percentage of test wrong: Results on randomly generated co-ordinates to obtain target values.

Prior phonetic knowledge in a text-to-speech system. October 17, 199622

05101520

% of total error

65

70

90

140

160

180No. HiddenVowels output as consonantsV as C (+AA)

V as C (-AA)Fig 4: Effect of AA units on composition of error for different size networks: vowels misidentified asconsonants. +/- AA shows AA units used/not used.

02.557.510

180No. HiddenConsonants output as vowelsC as V (+AA)

C as V (-AA)

Prior phonetic knowledge in a text-to-speech system. October 17, 199623Fig 4a: Effect of AA units on composition of error for different size networks: consonants misidentified asvowels.No. Hidden+/- AA% V as V% V as C% C as C% C as VTotal error

120-AA3.0737435.574775946.53992113.05408768.242511

120+AA3.1754105.72048346.26880812.83380867.998509

Table 4: Effect of using random target co-ordinates on composition of error (values in percentages of totalerror)Table 4 shows the importance of the Dphon representation, as base error is far higher and the reductionachieved with the AA circuit much smaller.The basic principle is shown to work, in that correction of the output takes place, but the effect is quitesmall at this stage. Further work is needed to refine the exact order of each stage in calculating theoutput, and the influence of each stage upon the next. Some of the issues are discussed in ⁄7.2, wherethe predicted error of various combinations is shown. Breakdown of the error shows the effect moreclearly in that it can be seen that the effect of learning something about the CV and VC structure of thedata makes a vowel less likely to appear as a consonant and vice versa. In the other categories (vowelsmisidentifiedasadifferentvowel,andconsonantsmisidentifiedasadifferentconsonant)theerrorreduction is smaller.⁄7.2 Results with multiple networksEach of the N networks is trained on a non-overlapping partition Dn of the training set D, such that thefinal output will be given by:

f(I;D) = wα fn(I;D(n)) n=1 N∑

(18)where

wα =1 n∑

(19)If the p.d.f of D is known, we may simply minimize the MSE to obtain the optimal combination ofcoefficients wa. Alternatively Krogh and Vedelsby (1995) suggest a linear programming procedure suchthat each network contributes exactly waE to the generalization error of (6). If estimates of E are usedunlabelled examples can be used to learn wa by gradient descent. If the input distribution is not known(the usual case), a possibility is to resort to least-squares fitting such that

Prior phonetic knowledge in a text-to-speech system. October 17, 199624

w* = argminw tk − wn fn(ik;D(n)) n∑ k∑^2

(20)However, we do not wish to rely on knowing the target values t, so a simpler method is used inscheme b below to give the highest weights to the networks which disagree most with the others,where each weight is simply set to

wn = anann∑

(21)at each iteration through the patterns, where the ambiguity a is altered each time as the weighted outputchanges. This ensures the largest weights go to networks with the largest ambiguities, whilstconforming with (19). To get the opposite effect:

wn =1− anann∑

(22)The original 20,000 word DECtalk training set was split into 11 subsets, giving 1818 words for eachof the 10 networks, and leaving 1818 as a test set. The AA circuit is trained as before (hence there issome overlap with each individual training set). The multiple networks all had the same number ofhidden units: 120. The legends are as follows (refer to ⁄6 for full explanations):a. No adjust: standard networks, no correction used.b. Adjust we: the weights wa are adjusted according to (21)c. Max. Amb: Ambiguity is maximised with respect to the other networksd. Stabilize: cycle until phonetic distance minimised.e. DG: Divine guidance, the best performance possible.Unless otherwise stated the weights wa are uniform. If the wa are not uniform this affects results inthe case of the single networks because the ambiguity is recalculated based on the modified output(producedfromtheweightedaverage)onaper-patternbasis.Agoodcorrelationbetweenambiguityanderror is seen in figs 10 and 11. Fig 12 shows the value of E-A for each network. These values can beused as estimates for the multiple generalization errorLow ambiguity indicates a high bias in the overall combined networks, since they even agree onpatterns outside their training set. In this case we may expect the final combined generalization error tobe very similar to the weighted average of the individual errors. High ambiguity indicates a high

Prior phonetic knowledge in a text-to-speech system. October 17, 199625variance, and in this case we can expect the combined generalization error to be less than the weightedaverage of the individual network errors.

12345

Error on input distribution

xaa xab xac xad xae xaf xag xah xai xajNetworkError data

E (Max Amb only)

E(DG)

E (Adjust We + Max Amb)

E(adjust we)E (no adjust)Fig. 10: MSE averaged over the input distribution for the 10 networks, using various correctionmethods.

00.511.52

Ambiguity on input distribution

xaa xab xac xad xae xaf xag xah xai xajNetworkAmbiguity

A (Max Amb only)

A (DG)

A (Adjust We + Max Amb)

A (adjust we)A (no adjust)

Prior phonetic knowledge in a text-to-speech system. October 17, 199626Fig. 11: Ambiguity on a per-pattern basis on the test set for 10 networks, using various correctionmethods

02.557.510

no adjust

E_bar

A_barVariableE/A data

Adjust we + Max Amb + stab

Stabilize + DG

Stabilize only

DG only

Max Amb + Stabilize

Adjust we + Max amb

Max amb adjust we no adjustFig 12: Results for all methods on the combined output.Overall actual error levels are in line with the predicted error levels of fig 12. The flatter the slopes andthe lower the error the better the predicted performance (

E − A

reduces). MSE does not alwayscorrespond exactly with error at the phoneme/diphone level, but it is not possible for them to drift toofar apart. The best performing methods are shown in fig 13 below. These correspond to percentage errorrates of %15-20, but it is believed these could be further reduced by more careful training of theindividual networks, e.g. using leave-one-out cross-validation, though this is not our concern here.A reduction in error compared with a single network is seen with the above methods, though not to theextent seen in the stacking procedures for combining multiple models (Breiman, 1992; Wolpert 1992).These procedures make more efficient use of the data (assuming various issues such as size of cross-validation set are got right), at a greater computational cost, but naturally they do not offer any modelor hypothesis of an underlying process. They must be retrained from scratch if new data is to be added,whereas adding extra networks is straightforward in the SOMtalk architecture. We have been able toinvestigate the use of a set of frequently occurring words and the effect of various interpretablecorrection procedures. In addition by using the formulae of Krogh and Vedelsby we have an explicitway of balancing individual network error against the network disagreements (ambiguity) which allowsus to explore the error correcting properties of a particular representation.

Prior phonetic knowledge in a text-to-speech system. October 17, 199627

00.511.522.53

no adjust

E_bar

A_barVariableBest E/A methods

Adjust we + Max Amb + stab

Stabilize + DG

Stabilize only

DG only

Max Amb + Stabilize adjust we no adjustFig 13: Best methods for combined networks⁄8. AcknowledgementsNone yet!9. Referencesvan den Bosch, A, and Daelemans, W, (1993), �Data-Oriented Methods for Grapheme-to-PhonemeConversion�, in Proceedings of the 6th Conference of the European Chapter of the ACL, Utrecht,April 1993.Breiman, L, (1992), �Stacked Regressions�, Technical Report, Department of Statistics, University ofCalifornia, BerkeleyBreiman, L, (1996), �Bias, Variance and Arcing Classifiers�, Technical Report 460, April 1996,Statistics Department, University of California, Berkeley, CA 94720Cohen, A , (1995), �Developing a Non-Symbolic Phonetic Notation for Speech Synthesis�,Computational Linguistics, 21 (4), pp. 567-575

Prior phonetic knowledge in a text-to-speech system. October 17, 199628Daelemans, W , and van den Bosch, A, (1993), �TABTALK: Reusability in Data-Oriented Grapheme-to-Phoneme Conversion�, in Proceedings of Eurospeech 1993, BerlinDietterich, T G, and Bakiri, G, (1991) ,�Error-correcting output codes: A general method for improvingmulticlass inductive learning programs�, in Proceedings of the Ninth National Conference on ArtificialIntelligence, pp. 572-577, AAAI Press/MIT Press.Dietterich, T G, and Bakiri, G, (1995), �Solving multiclass learning problems via error-correctingoutput codes�, Journal of Artificial Intelligence Research, 2, pp. 263-286.Denker, J, Schwartz, D, Wittner, B, Solla, S, Howard R, Jackel, L, and Hopfield, J, (1987), �LargeAutomatic Learning, Rule Extraction, and Generalization�, Complex Systems, 1, pp.877-922Elman, J L, (1990), �Finding Structure in Time�, Cognitive Science, 14, pp.179-211Geman, S, Bienenstock, E, and Doursat, R, (1992), �Neural Networks and the Bias/VarianceDilemma�, Neural Computation, 4, pp. 1-58Hopfield, J J, (1982), �Neural Networks and Physical Systems with Emergent CollectiveComputational Abilities�, Proceedings of the National Academy of Sciences, USA 84, pp.8429-8433Jervis, T T, and Fitzgerald, W J, (1993), �Optimization Schemes for Neural Networks�, TechnicalReport CUED/F-INFENG/TR144, Cambridge University Engineering Department, August 1993.Jordan, M I, (1986), �Attractor Dynamics and Parallelism in a Connectionist Sequential Machine�,Proceedings of the Eighth Annual Conference of the Cognitive Science Society (Amherst 1986),Hillsdale: Erlbaum, pp.531-546Kohonen, T, "Self-Organisation and Associative Memory", Springer Verlag, 3rd Ed. 1989Kohonen, T, "The Self-Organising Map", IEEE Proceedings , 78, 9, pp.1464-1480, 1990Perrone, M P, and Cooper, L N, (1992), �When Networks Disagree: Ensemble Methods for HybridNeural Networks�, in Mammone, R J, ed., Neural Networks for Speech and Image Processing,Chapman-Hall 1993van Santen, J P H, (1992), �Deriving text-to-speech durations from natural speech�, in Bailly, G,Benoit, C and Sawallis, T R, (Eds) �Talking Machines: Theories, Models and Designs�, ElsevierScience Publishers B.V., 1992

Prior phonetic knowledge in a text-to-speech system. October 17, 199629Sejnowski, T J, and Rosenberg, C R, (1987), �Parallel networks that learn to pronounce English text�,Complex Systems, 1, pp. 145-168Waibel, A, Hanazawa, T, Hinton, G, Shikano, K, and Lang, K, (1989), �Phoneme Recognition UsingTime-Delay Neural Networks�, IEEE Transactions on Acoustics Speech and Signal Processing 37,pp. 328-339Waterhouse, S R, and Robinson, A J, (1994), �Non-linear Prediction of Acoustic Vectors UsingHierarchical Mixtures of Experts�, Neural Information Processing Systems, 7, Morgan Kaufmann1994Werbos, P J, (1990) �Backpropagation Through Time: What It Does and How to Do It�, Proceedingsof the IEEE, 78, No. 10, October 1990Williams, P M, (1994), �Bayesian Regularisation and Pruning using a Laplace Prior�, CognitiveScience Research Paper CSRP-312, February 1994, COGS, University of SussexWolpert, D H, (1992), �Stacked Generalization�, Neural Networks, 5, No. 2, pp 241-259Wolpert, D H, and Macready, W G, (1995), �No free lunch theorems for search�, Technical report SFI-TR-95-02-010, The Santa Fe Institute